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Synopsis 

Continuous workload monitoring could support real-time assistance and offline evaluation of 
professional task performance. Numerous physiological and behavioral measures have been 
linked to workload that might enable this. While earlier laboratory work demonstrated the sensitivity 
of such measures under controlled conditions, real-world settings inevitably involve confounding 
factors that may themselves carry informative, scenario-specific signals. Given the limited 
generalizability of workload models across individuals and contexts, we argue for a scenario-
specific approach. We here examine the relative sensitivity of a range of possible indicators of 
workload in a semi-realistic drone piloting task.  

Background 

Continuous information on workload experienced by professionals who perform their tasks can 
both be used to support them in real time and to evaluate these work processes offline. A range 
of physiological and behavioral variables have reportedly been affected by workload and/or used 
in models to estimate workload. Earlier, we (Hogervorst et al., 2014)  systematically compared 
sensitivity of a range of these variables using a controlled laboratory task to exclude effects of any 
confounding factors that may be associated with workload level. 

However, in real life, such confounding factors are inevitably present. Moreover, they may be 
considered to be useful information rather than form a nuisance. Given that it is still challenging to 
create highly accurate models that genuinely generalize across individuals or sessions, even when 
using modalities that were relatively sensitive in controlled laboratory tasks  such as EEG 
(Hogervorst et al., 2014), we argue that we should take advantage of scenario specific 
‘confounding’ information and design scenario specific models. 

For any specific scenario, the type of workload of interest should be defined, and the scenario 
should be considered for potentially informative features. In the present case, we consider a pilot 
who controls drones sitting at a workstation, communicating with a navigator who instructs the 
pilot. The workload that we are interested in is whether the pilot is attending to auditory information 
next to their other task, where the effects of the extra task cannot be trivially detected by overt 
responses. We examine variables from multiple modalities that have been linked to workload, 
mental effort, stress or arousal before – all of these conditions are expected to be associated. 
Furthermore, for this specific case we hypothesise that the pilot participant may speak less during 
the high workload situation so to not disturb the auditory information flow of the secondary task. 

Methods 

Fifty pairs of ‘navigator’ and ‘pilot’ participants performed eight 5-minute blocks of a semi-realistic 
drone control task (more elaborately described in Zhecheva et al., 2024). The main responsibility 
of the pilot was to guide drones to coordinates as verbally instructed by the navigator. During the 
task, call-signs (‘tiger two’ and ‘cobra one’) were auditorally presented every 5 seconds. Every 
other block, the pilot was instructed to count the number that a specific call sign was presented. 
Pilots were instructed to prioritise this call-sign task. The navigator was not aware of this extra task 
for the pilot, and the difference between this high (‘count callsigns’) and low (‘ignore callsigns’) 
workload condition could not be detected from the outside. 



EEG, ECG, and electrodermal activity (EDA) were recorded using an ActiveTwo Mk II BioSemi 
system (BioSemi, Amsterdam, Netherlands). Relevant physiological variables (see the table in the 
Results section) were extracted as reported before (Stuldreher et al., 2020). OpenFace 2.2.0 
(Baltrusaitis et al., 2018) was used to extract facial expression in the form of Action Units from 
footage recorded via a webcam, after which Action Units were combined into six factors (Stratou 
et al., 2017). Voice variables were extracted from recorded speech using OpenSmile for specific 
speech features (Eyben et al., 2010) and PyAnnote for automated speaker diarization in the dyadic 
interaction setting (Bredin et al., 2020). Self-report measures were obtained during the breaks 
between the blocks. Mean values of variables were determined for each participant and each of 
the eight blocks and subsequently collapsed across the workload condition. High and low workload 
conditions were compared using a Wilcoxon signed-rank test. Only participants in the pilot role 
were included in analysis, and only if they had at least 2 blocks of uninterrupted, valid data for 
each of the two workload conditions. 

Results 

Table 1: An overview of the results, where a comparison of high vs. low workload for each variable is presented for the 

respective Wilcoxon signed-rank test p-value, sample size, and effect direction. 

Modality Variable p-value n ... in high Workload condition  

Self-report Arousal 0.000 34 Increased 

Valence 0.000 34 Decreased 

EEG Frontal theta 0.404 29 n/a 

Parietal alpha  0.046 29 Decreased 

Engagement Index 0.854 31 n/a 

ECG Heart rate 0.032 32 Increased 

Heart rate variability (RMSSD) 0.004 29 Decreased 

EDA Phasic activity 0.002 32 Increased 

Speech Number of utterances per block 0.000 34 Decreased 

Total speech duration per block 0.000 34 Decreased 

F0 semitone mean falling slope 0.022 34 Decreased 

Facial expression 

 

 

Enjoyment Smile 0.915 27 n/a 

Eyebrows Up 0.578 27 n/a 

Mouth Open 0.129 27 n/a 

Mouth Tightening 0.662 27 n/a 

Eye Tightening 0.129 27 n/a 

Mouth Frown 0.485 27 n/a 

Discussion 

The present work gives an overview of the sensitivity of a range of variables to detect workload, 
in a semi-realistic drone control task involving speech and movement, where workload is 
manipulated through a secondary attentional task. Self-report measures showed significantly 
increased arousal and decreased valence under higher workload, indicating a successful 
manipulation. Peripheral autonomic measures were robustly affected, with increased heart rate, 
reduced heart rate variability (RMSSD), and elevated phasic electrodermal activity under higher 
workload, reflecting heightened sympathetic activation and arousal. Other measures showed more 
selective responses: EEG parietal alpha power decreased with higher workload, consistent with 
increased attentional demands, whereas frontal theta power and a composite engagement index 



did not show reliable modulation, suggesting limited sensitivity of global EEG workload markers in 
this setting. Behavioral modalities complemented these findings, as speech features changed 
systematically under higher workload, indicating altered vocal production associated with 
increased cognitive effort and the apparent need to reduce the amount of speech. In contrast, 
facial expression dynamics as analyzed through the six factors did not show significant effects.  

Future work will add additional variables to the overview, such as individual Action Units, pupil 
dilation, fixation dispersion, eye blinks and multimodal responses to events, and explore their 
integration into workload estimation models. Together, these results indicate that in our realistic 
scenario, subjective and autonomic measures provide robust indicators of workload, while EEG 
and facial expressions were less sensitive, underscoring the value of a multimodal, scenario-
specific approach in ecologically valid settings. Speech features appear promising as indicators of 
workload. Speech effects are often treated as artefacts in EEG or facial expression analyses, the 
present results suggest they may be informative in their own right, though care is required when 
generalizing to other scenarios. 
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